In this paper an alternative method to symbolic segmentation is studied. Semantic segmentation being one of the most difficult tasks currently in the computer vision area, and large number of algorithms is being developed. Thus the proposed approach in this paper exploits this large amount of available computational tools by using the algorithm selection approach. That is, let there be a set A of available algorithms for symbolic segmentation, a set of input features F , a set of image attribute A and a selection mechanism S(F, A, A) that selects on a case by case basis the best algorithm. The semantic segmentation is then an optimization process that combines best component segments from multiple results into a single optimal result. The experiments compare three different algorithm selection mechanisms using three selected semantic segmentation algorithms. The results show that using the current state of art algorithms and relatively low accuracy of algorithm selection the accuracy of the semantic segmentation can be improved by 2%.
I. INTRODUCTION
The research field of computer vision contains currently several very hard open issues. One of the problems being investigated is the problem of the symbolic segmentation; in this task the algorithm must segment images into meaningful regions and then detect objects represented by these regions. Both segmentation and object recognition have been extensively studied using various approaches. For instance, for segmentation in various contexts several dedicated resources exist [1] , [2] , [3] . Similarly algorithms for various contexts have been developed such as for natural images [4] , [5] , [6] , [7] , for medical images [8] , [9] , [10] , [11] or for biological images [12] , [13] . The object recognition have received even more attention due to very high interest in computer vision from the industry. Some of the recent approaches to object recognition and detection include [14] , [15] , [16] , [17] , [18] .
The combination of both segmentation and recognition is however more difficult and only recently larger amount of studies using Deep Learning (DL) and Convolutional Neural Networks (CNN) methods significantly improved the state of art results [19] , [20] , [21] . For instance semantic segmentation has been implemented as a combination of segmentation and recognition [22] , probabilistic models [23] , [24] , convolutional networks [19] or other approaches for either specific conditions [25] , a unified framework [26] or interleaved recognition and segmentation [27] .
Despite the large amount of algorithms and novel approaches the general Principe of no-free lunch theorem [28] , [29] also applies in this case. While using non CNN/DL methods improve the accuracy of semantic segmentation, they also are very context dependent, sensitive to adversarial data samples and cannot be directly used for reasoning about the content.
Additionally some of the main difficulties of semantic segmentation are:
1) The segmentation by humans depends on recognition and higher level information [30] .
2) The recognition is directly depending on features and regions from which the features are extracted.
3) The context of the image strongly modulate segmentation and object recognition.
As can be seen on the example of semantic segmentation in computer vision, it happens very often that several algorithms are implemented to solve similar or same problem in some varying contexts, environments or different types of inputs. The reason for such diversity and specificity is the fact that real-world problems are much more complex and dynamical than the current state of art software and hardware can handle. Consequently several approaches used the algorithm selection approach to improve the algorithms for various problems.
In this paper is studied an algorithm selection approach to the problem of symbolic segmentation. We base our work on previously proposed platform for algorithm selection in [31] . We show that using algorithm selection and high level reasoning about the results of algorithm processing allows to iteratively improve result of semantic segmentation and directly solve some of the above mentioned problems. We analyze three different approaches for algorithm selection using either Bayesian Network (BN), Support Vector Machine (SVM) or a Neural Network (ANN). The main contributions of this paper are: 1) Analysis of an iterative algorithm selection framework in the context of semantic segmentation. 2) Evaluation of three different machine learning approaches for semantic segmentation algorithms. 3) Demonstration of the fact that despite the low precision of the algorithm selector the resulting semantic segmentation is improved.
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II. PREVIOUS WORK AND BACKGROUND
The general idea behind the algorithm selection is to select a unique algorithm for a particular set of properties, attributes and features extracted from the data or obtained prior to processing. The algorithm selection was originally proposed by Rice [32] for the problem of operating system scheduler selection. Since then the algorithm selection has been used in various problems but has never become a main stream of problem solving.
The reason for which algorithm selection is not a mainstream is dual: on one hand it is necessary to find distinctive features and on the other hand the problem studied should be difficult enough that extracting additional features from the input data is computationally advantageous.
The concept of distinctive features is illustrated in Fig. 1 . Fig. 1 (a) shows that when features are not well identified the algorithm selection does not allow to uniquely determine the best algorithm because the features are non-distinctive for the available algorithms. Counter example using distinctive features is shown in Fig. 1 The ratio of computational effort that is required to extract additional features to the whole computation of the result can be estimated by comparing their respective computational time. In [33] it was shown that for the task of image segmentation the algorithm selection is directly proportional to the size of the processed region of the image. If the region of segmentation is too small, the resulting segmentation of the tested algorithms results in very similar f-values and thus selecting fastest/computationally least expensive algorithm. For regions of larger size up to regions having the size of the input image, algorithm selection is both advantageous due to computational advantages as well as due to the increased quality of the result.
In computer vision and image processing the algorithm selection was previously on various levels of algorithmic processing. For instance, image segmentation of artificial [34] or biological images [35] was successfully implemented using algorithm selection approach. A set of features was found sufficient and allowed to clearly separate the area of performance of different algorithms. These two approaches however focused to separate the available algorithms only with respect to noise present in the image. Moreover, the algorithms used were single level line detectors such as Canny or the Prewitt. More complex algorithms for image segmentations were studied in [36] , [33] . Similarly to [34] , [35] a method using machine learning for algorithm selection for the segmentation of natural real-world images was developed. Other approaches have been studying the parameter selection or improving image processing algorithms using either machine learning or analytical methods but their approach is in general contained within a single algorithm [37] , [38] , [39] .
Methods and algorithms aimed at understanding of real world images have in general quite limited extend of their application. Currently there is a large amount of work combining segmentation and recognition and some of them are [24] , [22] . In [27] an interleaved object recognition and segmentation is proposed in such manner that the recognition is used to seed the segmentation and obtain more precise detected objects contours. In [40] objects are detected by combining part detection and segmentation in order to obtain better shapes of objects. More general approaches such as [26] build a list of available objects and categories by learning them from data samples and reducing them to relevant information using some dictionary tool. However this approach does not scale to arbitrary size because the labels are not structured and ultimately require complete knowledge of the whole world.
In [41] uses depth information to estimate whole image properties such as occlusions, background and foreground isolation and point of view estimation to determine type of objects in the image. All the modules of this approach are processed in parallel and integrated in a final single step. An airport apron analysis is performed in [42] where the authors use motion tracking and understanding inspired by cognitive vision techniques. Finally, the image understanding can also be approached from a more holistic approach such as for instance in [43] where the intent is only to estimate the nature of the image and distinguish between mostly natural or artificial content. The framework used in these experiments was originally introduced in [31] . The schematic representation is shown in Fig. 2 . The whole process can be described formally as follows. Let L = {l 0 , . . . , l k } be the set of available object labels. Let A = {a 0 , . . . , a j } be a set of algorithms performing the mapping M : R n → L n such that ∀x, y ∈ I, p x,y ∈ L with p x,y is a pixel located at coordinates x and y. Let The processing starts by extracting features F i from input image I i (Fig. 2 box 1 ) which are used by the algorithm selector S(F i , A) ( Fig. 2 step 2) to determine the most appropriate algorithm a j . The resulting symbolic segmentation is a pixelwise labeling of the initial image: L i |∀x, y p xy ∈ L.
III. ALGORITHM SELECTION FOR SYMBOLIC SEGMENTATION
From L i , a fully connected multi-relational graph (Fig. 3 ) ML G representing the interaction between the various detected objects is obtained by representing each recognized objects by a node V l and relations between each objects are represented by an edge E lk .
The relations represented by the edges E lk are obtained from co-occurrence statistics generated from the training data for the following relations: relative position of the center of the gravity, relative size rs and proximity rp. The relative size is represented by four coefficients l (left), r (right), u (up) and d (down). Each of the relation values obtained from the cooccurrence statistics is calculated for each pair of objects (1) .
The right side of 1 shows that values of each relation is obtained by comparing (shown as • in 1) the value of a particular ratio calculated from two objects i and j from the semantic segmentation L i , with the co-occurrence matrix coefficient L op representing the relation average value. Thus for instance l = L • l ij represents the relation that object i is left of object j.
The vector at each edge of the ML G has three components: the position p represented by a weighted equation p = w0l+w1r+w2u+w3d 4 , size rs and the proximity rp. The coefficients w 0 , . . . , w 3 are binary and are obtained by simply comparing the centers of gravity of all pairs of detected objects. Example of a multi-relational graph for three objects is shown in Fig. 3 . In Fig. 3 the values are given for the outside link between each nodes. Notice that between each two nodes two edges with opposite orientation are created; the graph is antisymmetric. This means that if for the outside link the value of the position is given by p o = 1 * l + 0 * r + 1 * u + 0 * d then for the inside link it will be p i = 0 * l + 1 * r + 0 * u + 1 * d and p o = 1 pi . Similarly for size rs o = 1 rsi . The only value that is the same for both links is the proximity parameter rp i = rp o . Proximity is calculated as the average value of how many times two objects are in direct contacts or not. The high-level description represented by ML G is analyzed for symbolic contradiction (Fig. 2 step 5 ) by looking at the values of each relations. By analyzing the coefficients in each of the edges of the L i the existence of a symbolic contradiction is determined using 2.
The threshold coefficient θ is determined experimentally so that during the training of the contradiction detection the accuracy on the validation data set is at least 90%.
The multi-relational graph representation of the existence of a contradiction means that any of the elements in a graph can be modified in order to solve the contradiction. For instance, assume that in Fig. 3 a contradiction is detected between Human and Bottle and between Table and Human (see Table  I ).
To determine which of the nodes V l are to be considered for modification, a contradiction histogram C l with bins representing each considered vertex V l and the value of each bin represents the number of times node V l was present in a relation resulting in a contradiction. The candidate node for replacement by a new hypothesis is then max l (C l ). If such choice does not result in a single node, nodes with the highest occurrence during the contradiction check are all verified one by one.
If the contradiction is detected a hypothesis is generated for each contradiction by finding such a node V l that will maximize all of its edges values E lk . This is equivalent to generating a hypothesis generated by the largest co-occurrence statistics given the symbolic segmentation for all but one regions being fixed. Similarly to the contradiction, a set of hypotheses for each node V l is generated in order of relevance. When the multi-relational graph has one of its nodes replaced a new graph is obtained. The new node is the hypothesis H l that is used as input to the algorithm selector together with features extracted from the region of the contradiction F l : a l = S(F l , H l , A). The new resulting semantic segmentation L j is merged with the initial segmentation L i as follows: L m = L c L i and with L c |∀x, y ∈ C, p xy ∈ L with means that the pixel area corresponding to the contradiction in segmentation L i was replaced by the labeling from segmentation L c (Fig. 2 step 4) .
Once the new result is obtained a new multi-relational graph is created and another iteration begins. This iterative approach continues until there are no more contradictions or when no more algorithms can be selected. This platform will be referred to as Automated Selection Method (ASM) as it incrementally changes the high level description of the input image.
An example of ASM processing an image is shown in Fig. 4 . 
A. Hypothesis Representation
The verification and the hypothesis generation suffers from the almost infinite available hypotheses. This is a problem of representation because a very large number of hypotheses would require a constantly growing amount of space for storage.
In order to solve this problem the generated hypothesis is represented by a set of attributes allowing to represent all available hypotheses with a constant size of representation. The attributes used are extracted using the regionprops function in Matlab. Ten out of all attributes have been experimentally determined to allow complete and crisp distinction between the possible labels. Note that the available hypotheses are only from the set of possible labels of the used dataset. Each attribute is calculated as an average of the values extracted from all objects encountered in the training data set. The extracted features from the image are together with the attributes clustered and are used for training and testing of the algorithm selection.
IV. EXPERIMENTS
To evaluate the proposed framework the VOC2012 data and up to five different algorithms for symbolic segmentation [24] , [22] , [19] , [21] , [44] called ALE, CPMC, SDS, CNET1 and CNET2, respectively were used in this paper. Each of the algorithms use similar or none preprocessing, different segmentation and similar classification machine learning based object recognition. Initially some tests are performed on three algorithms ALE, CPMC and SDS (referred to as set-3) and the set of all five algorithms will be referred to as set-5.
A. Training of the Automated Selection Method
The algorithm selection methods have all been trained with sub-images of bounding boxes containing objects or with whole images. If the given selection method contained two separate algorithm selectors both data sets have been used otherwise only the bounding boxes have been used for training. Example of a whole image, ground truth and the bounding boxes containing objects are shown in Fig. 5 . The reason for using two sets of training data sets is to accommodate the two types of algorithm selection; the first one being S(F i , −, A) and corresponds to algorithm selection with input features extracted from the whole image. The second algorithm selection is S (F i , H t , A) that is used to iteratively improve the initial result of the first selected algorithm. The second training data set T a is created from bounding boxes of around the semantic segmentations in the training set of VOC2012 data set. Same features as in T f are extracted but additionally a set of attributes are used to uniquely describe the correct semantic segmentation.
Three algorithm selection methods have been tested and evaluated: SVM, BN and ANN. 1) SVM: SVM is a very efficient machine learning method however is not well suited for handling unknown information [46] : in the first iteration of ASM only features are used (at this point in the processing no hypothesis is available yet) while in all subsequent iterations features and hypothesis are used. To solve this problem it was experimentally determine that patching approach [47] outperformed all other solutions such as the two separate SVMs. Using the patching approach, whenever the hypothesis is not available, (attributes of an image could not be obtained because hypothesis was not gen-Intelligent Systems Conference 2017 7-8 September 2017 | London, UK erated or it is unknown) the attributes values were generated by the average of the available values.
2) Bayesian Network: In the case of the BN only T a is used for training as the BN is well suited to handle missing input values: once trained with both attributes and features, BN can be used for algorithm selection also using only features. However, the BN approach requires deterministic input values -observations. Because most of the features extracted are continuous values within a certain range it is necessary to cluster the data to discrete values. The clusterization is done using an equivalent ranges for each value given by (3) .
with k being the number of values that this value is intended to have and i is the i − th range. The motivation for using BN is due to the ability of using hierarchy of information and thus to reduce the complexity of learning.
3) Artificial Neural Network:
The last algorithm selection method was a fully connected feed forward neural network. Unlike in the SVM case, the ANN approach was using two ANNs: one trained only using features and the other was trained using features and hypothesis attributes. The ANN used was a single hidden layer multi-layered Perceptron with sigmoid activation function.
4) Preference Rules:
In addition to the main three categories of algorithm selectors an additional mechanism that can be used only when the hypothesis is available for the feedback was evaluated. This mechanism is a set of rules that are direct generalization of the results of per-class accuracy of each semantic segmentation algorithm. Simply put, if an algorithm a j during the training has the highest accuracy in segmenting class c i , then whenever the hypothesis c i is generated during the testing the algorithm a j will be used.
B. Testing of the Platform
The testing of the system was done over a subset of images from the VOC2012 validation data set; only images that contain at least two objects in the ground truth have been used. Using such images both levels of algorithm selection as well as result merging was evaluated. As introduced in Section III the high level verification requires multiple objects detections in one image. Images with single objects only cannot be verified at this stage of the ASM platform as the contradiction generation and verification is based on the analysis of inter-objects relations. The co-occurrence matrices for each of the properties defined for each edge of the highlevel representation graph were trained on the VOC2012 train data set and the accuracy were verified on 1 3 of the images from the validation data set.
Consequently the results obtained as baseline accuracy of the used algorithms is different than the results originally reported by the algorithms' respective authors.
At first the algorithm selector ability to classify the images was evaluated; the algorithm selection method is to select the best symbolic segmentation from a set of pre-obtained semantic segmentations. To evaluate the classification power of all three (plus the rules) algorithm selectors, the results of the multi-class classification (using the set-3 algorithms) were analyzed. Then the whole system is analyzed by looking at the resulting data. Table II shows the results of comparing six different algorithm selection mechanisms based on the four introduced methods in Section IV-A. Notice that the accuracy is still relatively low at this stage and only some of the best performing combinations of algorithm selection methods are shown. For instance the approach for algorithm selection combining two ANNs is not shown as its results were similar to that of the ANN-SVM selection method. The accuracy of algorithm selection also decreases proportionally to the increasing number of available algorithms. Some examples of processing are shown in Fig. 6 . Notice that despite the low accuracy a number of images are improved by selecting the regions from each algorithm. Table III compares the results of the ASM platform when used with three and six algorithms for semantic segmentation. In both cases the ASM has the same setting, same input features, same attributes but the test images might vary slightly. The reason for the image variation is because the contradiction and hypothesis generation accuracy is not 100% and thus for each image the contradiction might or might not be detected. The important fact to be observed is that while with three algorithms available ASM outperformed the best by 2% while with six available algorithms the ASM was better only by 0.15%. This confirms the fact that with increasing number of algorithms the algorithm selection accuracy must be preserved. To evaluate the ASM approach, the average precision of each category of class were compared. Comparison of each algorithm's results is shown in Table IV . As can be seen the ASM framework outperformed the highest classes precision only in six classes of objects: the car, horse, motorbike, sheep, sofa and train. For the rest of the categories the ASM approach was able to outperform most of the algorithms but one. However despite the relatively low accuracy of the ASM the result is still better on the average. The results in Table IV are the results of using the ANN-Rules based approach. Notice that for the classes airplane and boat none of the algorithms detected and correctly segmented these objects in the testing data. This is possible because the test data used (a subset of the validation data from the VOC 2012 data set) can contain exactly those images where none of the algorithms successfully process the images. (2) shows the human generated ground truth, columns (3)-(5) shows the results of the three available algorithms in order [24] , [19] , [22] and last column shows the result obtained by ASM platform.
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Notice that in at least one case the ASM algorithm has equal segmentation accuracy to the best algorithm. This is due to the fact that for this particular class of objects the ASM converged to a single algorithm. Example of this case is the class sheep in Table IV. 
1) Contradiction and Hypothesis Generation Accuracy:
According to the schematic of the ASM platform the low accuracy of the algorithm selector could be compensated by a stronger verification and reasoning mechanism. Consider the third row in Fig. 6 . A better reasoning procedure would lead to a result as shown in the hypothetical and ideal case shown in Fig. 4 rather to the result shown in the last column of the third row in Fig. 6 . The simplest heuristics that would prevent replacing regions directly reducing the f-value could increase the overall result without any significant computational overhead. Similar heuristics for improbable regions removal can also be implemented in parallel to the co-occurrence statistics. Thus even a relatively inaccurate algorithm selection when combined with simple high level verification would lead to better results.
With respect to the general low level of accuracy of the contradiction detection and hypothesis generation, the cooccurrence statistics are only a very simple first step into building a more general model of reasoning on the partially known symbolic content (Table V) . The reasoning on the labeled 2D shapes is very simple and does not account for more general context from the background, situation describing more complex behavioral interaction and so on. In this paper a soft computing approach to the semantic segmentation problem was introduced. The method is based on an algorithm selection platform with the target to increase the quality of the result by reasoning on the content of algorithms outputs. The ASM platform for image understanding iteratively improves the high level understanding and even with a very weak algorithm selector can outperform in many cases the best algorithm by combining the best results of each available algorithm.
In the future several direct extensions and improvements are planned to the ASM platform. First the algorithm selection accuracy must be improved. Second the high level verification also requires a more robust method of contradiction detection and hypothesis generation. Co-occurrence statistics are not sufficient because their dependence on the training data. Finally the result merging requires more flexible and robust mechanism in order to avoid decrease in result quality.
